Abstract. Many species of sea turtles spend part of their life cycle gathered in large feeding aggregations that combine individuals from widely separated rookery populations. Biologists have applied methods of mixed-stock analysis to mitochondrial DNA samples from rookeries and mixed populations to estimate the contributions of different rookeries to the mixed stock. These methods are limited by the amount of genetic overlap between rookeries and fail to incorporate ecological covariates such as rookery size and location within major ocean currents that are strongly suspected to affect rookery contributions. A new hierarchical Bayesian model for rookery contributions incorporates these covariates (and potentially others) to draw stronger conclusions from existing data. Applying the model to various simple scenarios shows that, in some cases, it can accurately estimate turtle origins even when turtles come from rookeries with high degrees of genetic overlap. Applying the model to more complex simulations shows that it performs well in a wide range of scenarios. Applying the model to existing data on green turtles (Chelonia mydas) narrows confidence intervals but does not change point estimates significantly. Applying it to loggerhead turtles (Caretta caretta) strengthens the dominance of the large rookery in south Florida, and brings estimates from a small data set on sea turtle strandings into line with those from rookery data. Used appropriately, hierarchical Bayesian methods offer great potential for introducing multiple levels of variation and ecological covariates into ecological models.
INTRODUCTION
Many species of sea turtles, including some species that nest and feed throughout the Atlantic, are threatened or endangered. These species spend part of their life cycle gathered in large feeding aggregations that combine individuals from widely separated rookery populations (Bowen et al. 1996 , Lahanas et al. 1998 . Biologists have used mixed-stock analysis to estimate the contributions of different rookeries to the mixed stock, allowing them to assess either the importance of particular rookeries to the health of the mixed populations, or the impact of mortality in the mixed populations on the health of particular rookeries.
Mixed-stock analysis estimates the contributions of different source populations (rookeries) to a mixed population by comparing the distributions of genetic or phenotypic traits of individuals in the rookeries and in the mixed population (Fournier et al. 1984) . For sea turtles, mtDNA haplotypes have established contributions to central mixed populations from rookeries 3 E-mail: toshi@zoo.ufl.edu throughout a surprisingly wide geographic catchment basin (Bowen et al. 1996 , Lahanas et al. 1998 ). These estimates have wide confidence intervals (Bolker et al. 2003) . As sea turtle biologists and managers strive for more precise estimates of rookery contributions, they will need either to gather more data or to squeeze more information out of existing data. There are diminishing returns to gathering additional data of the same type; once one has enough data to characterize the genotype frequencies within rookeries and the mixed population accurately, the overlap of genetic information between rookeries becomes limiting. Current analytic methods are near their limit; computational Bayesian methods Masuda 2001, Bolker et al. 2003) can incorporate prior information and improve the accuracy of confidence intervals, but do not improve point estimates (Bolker et al. 2003) . One solution to this dilemma is to develop models that incorporate ecological covariates. Adding ecological covariates will extend the limits of mixed-stock analysis and will provide information on the ecological processes driving population dynamics. This paper explores techniques to incorporate two simple ecological covariates, rookery size and location within ocean gyres, into mixed-stock analyses for sea turtles. A Bayesian hierarchical model (Gelman et al. 1996, Sauer and Link 2002) is developed that accounts for variation at the level of sampling error, variation in the true contributions from each rookery, and variation in the relationship between size and expected contribution. This technique incorporates ecological covariates while maintaining the flexibility to accept that a strong genetic match really represents a largerthan-expected contribution from a small rookery. At one extreme, standard mixed-stock analysis methods, such as unconditional maximum likelihood, UML (Pella and Milner 1987) , ignore ecological covariates. At the other extreme, one could construct a maximum likelihood regression model in which the parameters are the rookery genotype profiles (as in unconditional maximum likelihood) and the intercept and slope of the relationship between rookery size and rookery contribution. One could then estimate the parameters using the combined multinomial likelihood of the rookery samples (as in UML) and the mixed-stock sample based on the estimated size-based contributions. However, this procedure would classify any deviation from the best-fit line as error. To gain the benefits of ecological covariates without losing the ability to use the information given by apparent outliers, we use hierarchical models (Gelman et al. 1996) . Hierarchical models fit into Bayesian frameworks and are also natural extensions of frequentist mixed-model approaches (Dennis 1996) .
In this paper we construct and evaluate the performance of hierarchical models that address ecological processes. We apply the models first to ''data'' from simple simulations of genetic sampling, to assess their validity and power, and then to existing data from loggerhead (Caretta caretta) and green (Chelonia mydas) turtles. Finally, we discuss some of the lessons learned, questions opened, and broader issues raised by using more complex statistical models incorporating ecological covariates to understand patterns in ecological communities.
METHODS
Hierarchical models allow us to incorporate relationships between rookery size and rookery contribution without assuming that any deviation from these relationships is solely due to sampling error. Rather than representing ecological relationships as fixed patterns with a single layer of error superimposed, hierarchical models represent variation at multiple scales. For example, a hierarchical regression model could allow variation of the slope and intercept parameters in different groups in addition to variation of individual points around the regression line. The roots of hierarchical modeling lie in Bayesian estimation: although frequentist approaches to hierarchical (or mixed) models exist (Clayton 1996, Pinheiro and Bates 2000) , a broader and more powerful range of tools is available using a Bayesian framework.
Perhaps the most important aspect of the Bayesian perspective is that there are no fixed parameters: every parameter has a probability distribution. The goal is to use the data to estimate the probability distributions of the parameters, called the posterior distributions. We combine a prior distribution, which can be uninformative or weak (if we have little previous information or want to make few assumptions about the possible range of parameters), with a statistical model for the data that gives the likelihood of observing our data, given a particular set of parameters. In nonhierarchical (or non-covariate) Bayesian models, we specify only the prior distributions of the parameters themselves. Distributions are typically specified in terms of their parameters, called hyperparameters: for example, the means and variances of the slope and intercept would be the hyperparameters in a linear regression model. Hierarchical models redefine these constant hyperparameters as having their own distributions, which in turn have prior distributions that are defined by another level of hyperparameters. In the linear regression example just given, instead of specifying constant values for the prior means and variances of the slope and intercept, we would make these means and variances into distributions and specify their prior uncertainty. In principle, the top layer of the hierarchy can always be replaced by yet another set of hyperparameters with their own prior distributions.
The model
This section describes the general framework of the model; details are in Appendices A and B. The model extends the original model of Pella and Masuda (2001) . The covariate model adds a hierarchical layer on top of the rookery contribution parameter; rookery contribution parameters are drawn from probability distributions based on rookery size. Fig. 1 shows the directed acyclic graph (DAG), which illustrates the structural dependencies of the model.
In a DAG, circles represent unknown parameters and squares represent sources of data: both kinds of elements are called nodes. A node with an outgoing arrow is called a ''parent'' and a node with an incoming arrow is called a ''descendant'' of that parent. The actual estimates of different unconnected parameters (such as the rookery haplotype frequencies and contributions) may be correlated once the model is estimated from data. Solid arrows in a DAG indicate probabilistic dependencies, where the value of a descendant node is drawn from a probability distribution determined by the parent node(s); dashed arrows indicate logical dependencies, where the descendant parameter has a fixed value that is simply calculated from the parent node(s). For example, ''Rookery Contribution Mean'' is determined by an algebraic function of three elements: ''Rookery Size'' and the two parameters ''Intercept'' and ''Slope'' (Fig. 1) . When identifying parent-descendant relationships in the DAG, the deterministic dependencies (dashed arrows) are collapsed so that a node that depends on another through a series of calculations is counted as a descendant.
Previous non-covariate models (Pella and Masuda 2001) used a Dirichlet distribution as the prior distribution for the contribution parameters (black ''Rookery Contribution'' node in Fig. 1 ). In the covariate model, we use a more flexible logistic normal distribution (to be discussed) with mean parameters based on the rookery sizes (Fig. 1) .
Additive log ratio transformation/logistic normal distribution
Analyzing compositional data or estimating compositional parameters such as rookery contributions presents particular technical challenges. Each rookery contribution must be between 0 and 1 (inclusive), and the contributions must sum to 1. The summation constraint is particularly challenging, as it induces a correlation between the parameters and limits one's choice of statistical models. Ordinary linear regression models neither limit the range of possible contributions nor constrain the sum to be 1; logistic regression models limit the range, but can still fail the summation constraint. One can fit constrained versions of these models, but brute-force attempts to fit constrained models often lead to artifacts.
The additive logistic normal distribution (Aitchison 1986 , Billheimer et al. 2001 ) deals with these problems, at the cost of making our model slightly less intuitive. Suppose we pick R Ϫ 1 values (y 1 , . . . , y RϪ1 ) from a multivariate normal distribution. We can transform these values to a set of R values that sum to 1 and that are each between 0 and 1 (i.e., that satisfy the constraints of compositional data) by saying:
R j jϭ1
These data are now distributed (by definition) according to the logistic normal distribution. The additive log ratio (alr) transformation of p ϭ (p 1 ,. . . , p R ) is
[ ]
The alr is the inverse transformation that allows us to go from a set of compositional data to a (putatively) multivariate normal data set. If rookery size and rookery contribution data are logistic-normally distributed, a variety of sensible statistical models can be defined in terms of the multivariate normally distributed set of points that result from the additive log ratio transformation of the data. For example, we assume that the additive log-ratio-transformed contributions of different rookeries are independently normally distributed with means that depend linearly on the additive logratio-transformed rookery sizes. The additive log ratio transformation takes care of the necessarily negative correlation that occurs because all of the rookeries are sharing contributions to a single mixed population; beyond this correlation, we have assumed that the contributions are uncorrelated. Additional correlations could be incorporated by modeling the correlation Ecological Applications Vol. 15, No. 1 structure among the additive log-ratio-transformed rookery contributions (Billheimer et al. 2001) .
Model evaluation
Performance criteria are needed to compare models. Mean squared error (MSE) is a common criterion for the performance of statistical methods, but for compositional data like ours, the Aitchison distance (Aitchison 1992) is superior. Like the MSE, the Aitchison distance accounts for both bias and variance; also like the MSE, a smaller Aitchison distance indicates superior model performance. Our results for both MSE and Aitchison distances were qualitatively similar. Models that incorporate added complexity can only perform better when they incorporate structure that is present in the data (and sometimes not even then; Ludwig and Walters [1985] ). Comparing the covariate and the noncovariate model, we expect the non-covariate model to perform better (to have smaller Aitchison distance/ MSE) when the covariate model incorporates poor data, e.g., if there is really no association between contribution and rookery size.
Another performance criterion of a model is the coverage, which indicates the accuracy of the estimated confidence limits. A region that includes the true value ␣% of the time in repeated samples is called the ␣% confidence region. Coverage can be estimated by running many simulations and evaluating the fraction of the time when the nominal ␣% confidence region includes the true value. If the coverage is less than ␣%, the confidence region is too narrow, and vice versa. We must distinguish between the univariate and multivariate coverage; the multivariate coverage describes the proportion of the time that the confidence intervals simultaneously include the true values for all n of the true parameters, whereas the univariate coverage only describes the proportion of time that confidence intervals for each individual parameter include the true values. Therefore, the multivariate coverage is always more conservative (lower) than the univariate coverage. For example, if the estimated rookery contributions in a five-rookery model are uncorrelated and the univariate coverage for each of the five rookeries is 95%, then the multivariate coverage will be only (0.95) 5 ഠ77%. When data are collected in the field, the true parameters are unknown. In this case, plausible fits to the data can be derived by testing summary statistics sampled from the posterior distribution (Gelman et al. 1996 , Congdon 2001 . Model selection is a more difficult problem, which we will discuss further.
Simulation procedures
Simulations were run to illustrate the strengths and weaknesses of the hierarchical covariate model. The relative performance of the covariate and non-covariate model was explored for a wide range of parameter values. Models were evaluated by comparing performance under different assumptions regarding the correlation strength between rookery size and rookery contribution. When the correlation strength is weak, the covariate model should not perform better than the simple non-covariate model. The other parameters will determine how strong a true correlation is necessary to justify using the covariate model, and how much better or worse the covariate model does for high and low correlations. Simulations were defined by specifying three suites of parameters: (1) true rookery contributions and rookery sizes, (2) true rookery haplotypes, and (3) the sizes of samples from the rookeries and from the mixed population.
Rookery sizes and rookery contributions.-To simulate rookery contributions and rookery sizes for R rookeries, we start by sampling R Ϫ 1 pairs of values from a bivariate normal distribution ({x i ,y i } ϳ N (0,M), i ϭ 1, . . . , R Ϫ 1), where M specifies the variances of each variable and the correlation between them (i.e., the variance-covariance matrix). Using the inverse of the additive log ratio transform (Eq. 1) leads to a bivariate distribution for the relative rookery sizes and rookery contributions. The maximum possible variance of a set of R non-negative values that add to 1 is (1 Ϫ 1/R)/R. Numerical simulations show that below this maximum there is a fairly tight one-to-one relationship between the variance of the original normally distributed variable and the variance of the transformed data. Two different normal variances were used in the simulations. For the ''high'' variance case, the bivariate normal variance 2 is set to 2.5, corresponding to realized variances ( (in rookery contribution) or (in Subsequently, each simulated data set was assigned a value on the basis of its observed correlation. The statistical distribution underlying the simulations does not match the statistical model underlying the covariate model (logistic normality of contributions with a linear dependence on rookery size). One advantage of this slight mismatch is that it helps to ensure that the covariate models are robust to misspecification of the underlying relationships between rookery size and rookery contribution.
Haplotype frequency profiles.-An R (number of rookeries) by H (number of haplotypes) matrix represents the entire distribution of haplotype frequencies within rookeries (Table 1) .
Each rookery has a characteristic haplotype (the diagonal elements in the matrix) that is present at high frequency, classified as common (c). In each rookery, the haplotypes on either side of the characteristic haplotype are present at intermediate frequencies (i). The remaining haplotypes are rare (r). The genetic divergence among the rookeries is parameterized by the ratio of the common and intermediate haplotype frequencies (c/i): the value c/i ϭ 2 was used for overlapping genetic profiles, and c/i ϭ 6 for distinct genetic profiles. Specifying the frequency of rare haplotypes, and applying the constraint that the sum of the haplotype frequencies equals 1, completes the parameterization. For example, for five rookeries (R ϭ 5) with haplotype parameters r ϭ 0.01 and c/i ϭ 2, we can solve c ϩ 2(c/2) ϩ 2(0.01) ϭ 1 to find the appropriate values of c ϭ 0.49 and i ϭ 0.245. In general, c ϩ 2c/(c/i) ϩ r(R Ϫ 3) ϭ 1. For convenience, the number of rookeries was set equal to the number of haplotypes (H ϭ R). In some of the specific scenarios that we will present, we impose a further block structure on the haplotype frequency matrix that mimics the case of two different gyres (large, circular surface ocean currents) with similar haplotype profiles within gyres and dissimilar profiles between gyres.
The combination of the haplotype frequencies and true contributions determines the haplotype composition of the mixed population. The frequency of the jth haplotype in the mixture population, qЈ j , is
where p i is the contribution from the ith rookery and q ij is the frequency of the jth haplotype in the ith rookery.
Sample sizes of the mixed population and rookery populations.-To complete the simulated samples, multinomial samples were drawn from the rookeries and from mixed populations. Baseline sample sizes were 25 for each rookery and 50 for the mixed population. The samples were distributed among haplotypes according to the multinomial distribution with the frequencies determined previously.
RESULTS

Scenario analysis
Three scenarios illustrate the properties and capabilities of covariate modeling. These scenarios are intentionally simplified. The first scenario shows the basic ability of the covariate model to detect structure when it is present. The second scenario distinguishes between size-contribution relationships among rookeries in different ocean gyres. The third scenario shows a slightly more realistic case involving a block of three different rookeries with overlapping mtDNA profiles.
Scenario 1: an extreme case.-This first scenario presents a classical problem for mixed-stock analysis: What happens when different combinations of source stocks can combine to produce precisely the same profile in the mixed stock (Table 2) ? Rookeries R1 and R2 are each composed entirely of a distinctive haplotype; if they were the only source stocks known, mixed-stock analysis would be trivially easy. When a small rookery with haplotypes from both large rookeries is added (R3), separating contributions from the small and large rookeries becomes impossible. Without more information, even our covariate approach is powerless. Add a small rookery with a distinct haplotype (R4/H3), however, and we can estimate the relationship between rookery size and rookery contribution, which in turn gives us a better estimate for the contribution of R3. (We could also improve our estimate by assuming prior knowledge of the relationship between rookery size and rookery contribution, but we prefer to be as conservative as possible by using weak or uninformative priors.)
In this case, the true rookery contributions exactly equal the relative rookery sizes, and so a purely size- based prediction would provide better point estimates than the covariate model. However, the covariate model improves the point estimates, and narrows the confidence intervals to the point where all four rookeries are contributing at least some turtles to the mixed population. The covariate model's lack of built-in assumptions about the strength of the size-contribution relationship allows it to fit well over a broad range of true scenarios ranging from perfect correlation between rookery size and rookery contribution to no correlation.
Scenario 2: incorporating ocean gyres.-Assuming contributions based on rookery size alone can fail if rookeries in different ocean gyres contribute very different numbers of turtles, or if the relationship between rookery size and rookery contribution differs in the different gyres. Adding a factor to the linear model that allows the slope and intercept to vary by ocean current mitigates this problem (as described in Methods). Table 3 shows a test with rookeries in two separate ocean currents, where the rookeries in the first current contribute much more to the mixed population under analysis. A model incorporating rookery size alone would fail because contribution depends on both rookery size and currents. When ocean currents are included in the model, it successfully estimates the relative contributions from the rookeries in the first ocean current, and correctly estimates that the rookeries in the second ocean current contribute little to the mixed population. Use of a non-covariate model correctly estimates the low contribution from rookeries in the second current, but poorly estimates the relative contributions in the first current, at least in part, because this scenario is set up with a great deal of overlap in mtDNA profiles between rookeries (c/i ϭ 2).
Scenario 3: an unresolved region.-Finally, consider a slightly more realistic situation with eight rookeries within a single ocean current, but where one block of three rookeries (R2-R4 in Table 4 ) is very poorly resolved by genetic information (c/i ϭ 1.1). As in the previous scenarios, the covariate model can resolve the differences in contribution between these five rookeries. The necessary information exists because the mtDNA profiles are different enough between this block and the other rookeries (and among the other rookeries) to provide information on the relationship between rookery size and rookery contribution.
Exploring parameter space
Each of the scenarios just presented illustrates a particular feature of covariate models rather than giving a general overview of their performance. All three are also best case scenarios for covariate modeling: there are ambiguities in the genetic data, but there is always useful genetic information present in some part of the data set, and the true relationships between rookery size and rookery contribution are strong. Some features of our data sets are known (sample size and the distribution of rookery sizes), but others are unknown (e.g., the correlation between rookery size and rookery contributions). By exploring the relative performance of the non-covariate and covariate under a range of conditions, we can decide whether (and when) the covariate model is preferred.
For each combination of other parameters (variance, sample size, etc.), the model is tested across the entire range of positive correlations between rookery sizes and contributions. The non-covariate model is tested only once, because it does not incorporate rookery size and thus would give the same answer, regardless of the correlation. Estimates of Aitchison distance and coverage were derived from estimates of rookery contribution resulting from 100 different simulations for each set of parameters. The general pattern is the same across all parameters. For high correlations, the covariate model outperforms the non-covariate model (has lower Aitchison distance). The performance of the covariate model decreases approximately linearly with decreasing correlations, until at low correlations its Aitchison distance rises above that of the non-covariate model (Fig. 2) .
The maximum improvement in performance and the rate of performance loss with decreasing correlation vary with the other parameters. In general, when there is little information present in the genetic markers (e.g., small c/i, small sample sizes, etc.), the covariate model performs better than the non-covariate model, provided the ecological covariates give any true information at all. Overall, covariate models produce more accurate estimates of rookery contributions. They are also reasonably robust to variations in the underlying contribution structure: even in the limit of very low correlation, when the non-covariate model performs better, the covariate model is not much worse. Multivariate coverages of the non-covariate model are much lower than the nominal value of 0.95, whereas appropriate coverage is achieved with the covariate model with informative covariates (high correlation between rookery size and rookery contribution).
As illustrated in Table 5 , the parameters of a stock mixture (the numbers of rookeries, variance in contributions and rookery sizes, and so forth) fall into two categories, those that can be known or guessed directly from ecological and genetic data (''known'') and those that can only be determined by mixed-stock analysis (''unknown''). Some of the parameters, such as sample size or the number of rookeries considered, are well known and are determined by the design of sampling programs. The variance in rookery size (calculated from the proportional or normalized rookery sizes, n i / ⌺ j n j where n j indicates the jth rookery size) is known, albeit not very accurately, from observations of the number of nests at the rookeries. The genetic distinction (c/i) and frequency of rare haplotypes are not known. Bayesian and unconditional maximum likelihood methods are used to infer the genetic composition of a rookery using the genetic composition of the mixed population (Pella and Milner 1987) . Nevertheless, in the spirit of a power analysis, we can estimate approximately where a particular metapopulation of turtles lies in parameter space, and whether covariate models are likely to be appropriate.
Estimating the ''unknown'' parameters is problematic. These quantities, which determine the expected performance of the covariate model, can themselves only be determined by mixed-stock analysis. There is a fundamental circularity involved in trying to estimate true values of these relationships; how do we know which assumptions we should make in trying to estimate the appropriateness of the assumptions themselves?
The solution to this problem is to develop methods of model selection that are informative for a given set of data, which is likely to produce better estimates, but these are not simple problems (Key et al. 1999 , Spiegelhalter et al. 2002 . We are working toward implementing and evaluating such methods in the context of stock analysis. A partial solution is to check whether the posterior distribution of the rookery size-contribution correlation is clearly bounded away from zero, which would suggest that there is a strong dependence of contribution and size and, thus, that the more complex model is appropriate. Even if rookery size and rookery contributions are correlated, the non-covariate model will tend to underestimate the correlation and overestimate its own relative performance. (Using the covariate model to estimate correlation would tend to overestimate correlations and would definitely risk circular logic.)
Results from data
What conclusions do the new methods reach about rookery contributions for Atlantic green (Chelonia mydas) and loggerhead (Caretta caretta) turtles from existing data , Lahanas et al. 1998 ? How different are the results, either in terms of point estimates or confidence intervals, from previous results from non-covariate models? (For details of the statistical models, see Appendix A.)
Posterior predictive checks, calculating the variance in mixed population sample for random draws from the posterior distribution, showed that this summary statistic consistently fell between the data and the posterior distribution. This result indicated that the model fit the data adequately. The results for green turtle or- igins are not radically different from those determined by non-covariate models (Table 6 ; Lahanas et al. 1998 , Bolker et al. 2003 . The major difference is that the covariate model predicts slightly higher contributions from Suriname than from Aves Island, whereas the non-covariate model predicts the opposite. (However, the confidence intervals are fairly wide in both cases, supporting either negligible contributions from either rookery or equal contributions from both rookeries.) Table 7 shows the mixed-stock analysis results for loggerhead turtles. The main conclusion of the covariate model is to strengthen the dominance of the large (64 000 nests) south Florida rookery relative to the northwest Florida rookery (450 nests). The covariate model produced narrower confidence intervals. In particular, the covariate model allowed us to prove that at least 27% of the turtles in the mixed stock come from the south Florida rookery, whereas the non-covariate model was only able to bound the south Florida contribution between 0% and 95%.
How do these data relate to the previous simulations investigated? The variances of the rookery size within the main gyre (scaled to sum to one) are 0.179 for loggerhead turtles and 0.156 for green turtles. To compare genetics in real data sets with simple common/ intermediate/rare structures from our simulations, we used the divergence statistics of Xu et al. (1994) , which can be applied to more general haplotype frequency patterns as well as to our simulations. Divergence statistics based on observations in the main gyre were 0.78 (loggerhead turtles) and 1.52 (green turtles). Divergence statistics for simulated data were 0.802 (five rookeries, c/i ϭ 2), 1.852 (five rookeries, c/i ϭ 6), 2.250 (10 rookeries, c/i ϭ 2), and 4.142 (10 rookeries, c/i ϭ 6). The average rookery sample sizes are 41.5 Ϯ 34.4 (mean Ϯ 1 SD) for loggerhead turtles and 21.56 Ϯ 9.34 for green turtles. The number of rookeries within the main gyre (which contains the mixed stock) is four for loggerhead turtles and five for green turtles. The data fall closest to the five-rookery case with c/i ϭ 2 (loggerhead turtles) and c/i ϭ 6 (green turtles). Fig. 2 (panels a and b; filled squares and circles) shows that in this case the covariate model often gives better and never gives much worse results than the non-covariate model. For example, when c/i ϭ 2 with five rookeries, the covariate model has Aitchison distance ranging from 5 to 30 as correlation ranges from 1 to 0, whereas the non-covariate model results in a Aitchison distance of 24. The multivariate coverage of the covariate model ranges from 0.98 to 0.69, while the non-covariate model coverage is 0.96. Furthermore, the point estimates for the non-covariate model give correlations between contribution and size of 0.98 (for green turtles) and 0.92 (for loggerheads), and the posterior distribution of the slope parameter is bounded away from zero. Thus, our best guess is that the data for Atlantic green and loggerhead turtle populations are indeed appropriate for covariate modeling.
CONCLUSIONS
The covariate models presented here used information on ecological covariates to evaluate hypotheses regarding sea turtle origins. Results were generally consistent with previously published theories of the genetic origins of Atlantic sea turtle populations. For green turtles, the covariate models provide little additional information: their main effect is to lower the estimates and upper confidence limits of contributions from rookeries in Brazil, Africa, and Cyprus slightly, strengthening the conclusion that these rookeries contribute negligibly to the Atlantic mixed stock (Table  6 ). For loggerhead turtles, the covariate models make more substantive contributions. They strengthen the dominant contribution of the large south Florida rookery, relative to the contributions from northwest Florida and more northern rookeries, and establish that rookeries in Greece and Brazil are not contributing significantly (upper confidence limits of 5.4% and 1.4%, respectively, down from 29% and 11% in the non-covariate model).
The proposed modeling framework provides a technique for incorporating a wide range of ecological covariates in statistical models of sea turtle genetics. Rookery size and ocean currents are just the beginning; using the logistic-normal framework allows us to incorporate a wide range of ecological covariates in our statistical models. For example, more detailed geographic information could be incorporated in the model using conditional autoregressive models, which use geographic distances between rookeries to structure the variance-covariance matrix of transformed contributions (Billheimer et al. 2001) . A range of options, from a simple neighborhood matrix (rookery contributions are correlated with those of their neighbors) to more sophisticated distance measures based on oceanographic data, are possible.
Before charging ahead with ever more complex models with ever larger sets of covariates, however, we must develop and test the methods to decide whether the added model complexity is appropriate. An inherent danger associated with complex models is that modelers may develop unrealistic or overly complex structural assumptions. Simulation models such as those presented here provide one tool to assess whether the added complexity is appropriate. However, even when we test performance across a broad range of simulation parameters, we can never be sure that our simulations are representative of reality; there can always be unrealistic structural assumptions built into the model, or axes of variation that we have not explored. In the frequentist estimation framework, model fit can be tested against data in the absence of a specific simulation model (although some null hypothesis is always necessary). For example, parameters can be tested for significant difference from null hypothesis values, and models of appropriate complexity can be selected, using either likelihood ratio tests or information criteria (Hilborn and Mangel 1997, Burnham and Anderson 2002) . The Bayesian hierarchical framework does not provide a clear prescription for limiting model complexity. Methods for Bayesian model testing and selection do exist, including Bayes factors, Bayesian information criteria, posterior likelihoods, and posterior predictive densities (Carlin and Louis 1996) , but these have rarely been applied to complex hierarchical models, and we have never seen them applied in ecological contexts.
In the long run, the way to build better ecological models is not just to include more plausible covariates, but rather to incorporate structures that reflect the mechanistic processes underlying observed patterns. Our goal is to build into the models any mechanistic processes that we are sure of, but to remain agnostic about other aspects of the ecological system. The models considered here all retain the basic structure that the mixed-stock haplotype profile is a composition of the haplotype profiles of the contributing rookeries, in contrast, for example, to cluster analyses that simply assess the similarity of different stocks without assuming specific underlying mechanisms (Phelps et al. 1994 ). Our models are semi-mechanistic (Ellner et al. 1998 ) because they incorporate ecological process but allow flexibility in the relationship between ecological covariates (size, location, etc.) and contribution. Semimechanistic models have two advantages. First, including well-established mechanisms in the basic definition of the model increases the overall amount of information in the model, leveraging the observational data for more accurate estimates. Second, when models are semi-mechanistic, the estimates of parameters themselves give information about the strengths of different mechanistic processes. For example, by including rookery sizes in the model, we both improve the estimates of individual rookery contributions and gain some insight into the relationship between rookery size and rookery contribution. Ultimately, we should think of building semi-mechanistic models at both short (proximate) and long (ultimate) time scales. Short-term processes that determine rookery contributions are the behavioral and energetic rules by which turtles determine their movements, and the ocean currents that form the context for movement. Long-term processes include rookery establishment, the behavioral and stochastic factors determining homing to and straying from natal beaches by females, and population genetic processes such as drift and mutation that change the genetic makeup of a rookery. Some frameworks already exist for estimating some of these processes (such as spatial coalescent theory for the processes of migration, mutation, and drift: Beerli and Felsenstein [2001] ), but much of it will have to be constructed and integrated as we proceed toward the goal of a fully integrated model that describes the ecology and evolution of sea turtle populations.
